We propose a twofold method that lirst automatically builds a statistical shape model o f anntomical 3D brain structures of interest, then uses this model for delineating structure contuurs onto any patient MRI. First of all, an estimated training sct of shapes i s infered by registration o f a 3D anatomical atlas over a set o f brain MRIs. then automatically landmarked using the"Minimum Description L e n g t h based method developed by Davies et al.[4]. A 3D "Point Distribution Model" is (hen established and used to constrain the delineation process. I t is lead by a novel intensity model specilically developed to overcome the estimated nature o f our training set in exploiting only local intensities.
INTRODUCTION
Neuro-imaging praticians currently need tools to perform delineation of structures o f interest (Le the accurate determination of contour) over large 3D brain MRIs sets in order to help several studies going from functional brain mapping to data-mining applications. Correlations arc sought between structure and patient characteristics like pathology, handedness or gender. Automation i s necessary to cope with the amount o f data to process and with the low quality o f images: human expens require a lot of time to segment only one structure onto one MRI, and will inherently introduce variability in their decisions. Furthermore, structures o f interest show weak contrast and high noise at boundaries since they are made o f anatomical tissues mixtures: Cerebro-Spinal Fluid, Grey Matter and White Matter.
Our first approach revamped a region-baed methodl91 developcd in our team by J.H.Xue, where small homogeneous regions were progressively accumulated to build structures, accounting for apriori information derived into fuzzy sets from an anafumical arlus iltlas, (cf 2.2). Ncvertheless, relevant accuracy at contours was still randomly achieved sincc this bonom-up approach, willing to leave rovm for shape variability, modcled quite loosely the geometric information from Atlas,. Though , Bloch et a1. [2] Daniel.Bloyet} Bgreyc.ismra.fr achieved excellent results with another fuzzy approach based upon quite different assumptions. But for now, i t still needs to follow a precisc path for segmenting structures and cannot strictly ensure shapc consistency o f the result.
To overcome this limitation, we selected the statistical Point Distribution Model (PDM) from Cooks, Taylor et al.
[31 that considers a mean shape and its allowed linear deformation modes, both inferred from a training set o f valid shapes annotated by corresponding landmark points (cf. 2. I). Their delineation method, named Active Sl7upe Model (ASM, or smart snake), is lead hy a statistical intensity Model of the gray level environment around each landmark over training set MMs, and constrained by the P D M Shape Model to only raise consistent results. This top-down apprvach widely proved its efficiency in medical imaging (e.g [7] [51), but becomes really demanding in 3D as i t requires delincated and landmarked shapes.
For this reason, every considered 3D A S M implementation started from a set o f structure contours provided by fellow experts, hence each often concerns few structures. The second challenge, namely automatic landmarking, i s frequently handled with arbitrament due to the difficulty to formalize an inherently intuitive process.
Former methods like [6] are restricted to compound tubular shapes so as to decompose the problem in several affordable 2D PDMs. Frangi et al.
[5] designate noticeable points in decimating a mean volumic shape, then establish correspondence through warp-registering these over the training set. Kelemen et al. [7] obtain correspondence in projecting parameterized shapes surtaces into an object-centered coordinate system, where uniform sampling finally raises some landmarks. Though these methods produce functional PDMs through reasonable assumptions, none might warranty their optimality. tion Lengrlr (MDL) principle. This exciting contribution finally enables us to proposc a novel ASM method.
Proposed Method
We first propose a method that can automatically build a single PDM Shape Model for any structure contained in Atlas, over any MRI population. Training set delineation is performed through Atlm, registration over selected MRIs, an arguable choice that we expressly defend. Landmarking is then pcrformed by the optimal MDL method [4] . We also propose a new intensity Model that will fit the constrains of our training set to guide delineation without statistical priors in accurately exploiting subtle local changes in the current M r i x around the boundary.
AUTOMATIC 3D PDM BUILDING IN BRAIN MRI

Point Distribution Model Principle
Each shape of the training set must be annotated by n.i landmarks, each designating the same anatomical locus along the set. The set is considered a a collection of shape vec- 
Automatic Estimated Training Set Building
Obtaining a delineated training set is quite straightforward in 2D, since it generally requires one slice over about 20 patients (cf [3] [4]). In 3D, the increased shape complexity and variability requires more instances and, for each structure, about 15 slices per volume.
Thus, when a team of experts achieve such training sets through many efforts, these cover just a few specific structures over a given MRI population. Mixing such results to increase the structure number is difficult since populations might be inconsistent (eg, significant differences appear with age on ventricles). But the main problem is that experts tend to restrict use and diffusion of their sets to their own research teams.
Using expcrience acquired in our prcvious work[9], we considercd Atlas,, i.e. the result of an expert delineation of structures on a reference MRI. and decided to warp-register (AIR) it over a mixcd set o f 3 0 patient MRIs selected among the wide pool available from Cycernn center. Though arbitrary and rather simplistic, this method eventually appears both auiomatic and consistent:
. We can finally work with any structure featured in any atlas. Harvard SPL B Cyccron already contain all structures of interest, and adding one to selected atlas, if necessary, will require affordable work (E 20 slices).
. Difference between expected and obtained contours appears really acceptable (within 2 voxels) after many visual checks. This is helped by the global nature of the registration and also the favorable configuration of our . Though, they show obvious variations over the selected It appears that the conditions required to build a relevant Shape Mode/ -namely, numerous correct shapes and likely variability -are fulfilled. Nevertheless, the real cost of this umption is that erilct matching between delineation and MRIs is broken, which will disrupt learning of a precise gray-level envinmnent (more details in [I] ).
Automatic Training Set Landmarking
Landmarking a training set of delineated shape instances of a single structure consists in inferring both the mean shape geometry and the ways it varies along the set: landmarks are shape invariants. This quite intuitive process can be affordable in 2D, but no longer in 3D where shape complexity and variability invalidate any intuition. Automation of this usually manual process represented for long the major challenge for extending PDMs to 3D. . Landmarking hypothesis must be parameterized to enable the simplex to steer the optimization. This is achieved in expressing reparamcterizations of landmarked unit spheres using Cauchy Kernels, the landmarks being back-projected to the set via amended conformal mapping between each instance and the unit sphere. implemented by Kildehy et al. [8] .
A NEW ASM INTENSITY MODEL
The Active Shape Model (ASM) delineation procedure, established in [3] , primarily consists in a dialog between an lnrensity Model and a Shape Model. First, a mean shape s IS approximately posed into the target image. Then, the Intensity Model proposes moves for each of its landmark along their normal direction so as to better fit the image.
Nevertheless, noisy and low-contrasted borders often occur in medical imaging, causing incorrect proposals. The purpose of the Shape Model is to examine and amend these move proposals if they threaten shape integrity, namely if the shape escapes from the ASD. To ensure final success, the move amplitude is restricted and dialogs between both models arc iterated until eventual idempotcnce, that is assumed to raise an optimal delineation result. Nevertheless, even if a correct PDM is required to regulate the process, it is primarily driven by the selected Intensity Model.
_ .
Standard Framework
Though 2D13D ASM implementations might vary significantly in the way both models communicate or in the amendment phase, every reviewed method uses the standard Ma- 
( G I -E )~S~-' (~-G I ) ,
namely showing highest similarity with the training set lcamed gray-level environment.
A New Intensity Model
Since our estimated training set forbids accurate determination o f z and St, wc had to dcaign a new model free from training set priors in focusing on "subtle" intensity variations occuring at structure contours. We also expect better results since, besides intensity normalization problems, the standard approach mainly seeks fur best similarity with a learned intensity context.
On segment Gt, we consider several boundary hypothesis h centered around landmark l position. and for each we retrieve left and right subsegments of constant length l,,at,: leftmost voxels are supposed to lie inside the structure and rightmost outside. From now on, we assume that linding the boundary consists in choosing h for which voxels of both subsegments will appear most dissimilar. From other approaches, we noticed that image variability and noise did not let a single intensity-derived measure find the boundary in most cases. Thus we will attempt to find multiple criterions that sep;lratcly proved to work in -at least -some Favorable cases, expecting their combination to raise quite reliable results in most cases. Since we are looking for discontinuities, we will focus on peak values when examining measures.
For image validation purposes, focus was set on a given M r i~ and a mean posed model of left Putamen, an "averagely difficult" structure for noise and contra1 at borders. Figure 2 display success rates of measures for our case study: after a long sequence of tests, here are those which eventually proved relevant:
. Inten& difference: (Fig I, green) Though expecting boundaries at maximal intensity direrenccs between the 2 idout voxels seems a fair assumption, it is not very accurate (33% success) even if it pcnerally helps anyway.
. Means difference: (dark blue) The absolute difference between inner and outer intensity means should be maximal at boundary, assuming anatomical tissues should be quite different (50%).
. Inner voxels reguhriQ: (pink) We can also expect homogeneity of anatomical structures: minimization of inner standard deviation finally proves relevant (64%).
(light blue) As a corollary, high degree of outer inhomogeneity is expected, hence maximization of outer and inner standard deviation differences (70%).
. Onterllnner reguhriry difference:
Combining these diffcrent measures first requires acommon normalization, trivially performed by framing each measure values between 0 and l . A boundary likelihood (Fig l , bold red) is then estimated in adding these separate measures, then normalizing the sum, and finally selecting highest likelihood peak. In Figl, it is reached at hypothesis -I , suggesting a landmark move of 1 voxel inside (visual checking on M r i x confirms this boundary hypothesis). Coefficients can also be applied to each measure so as to emphasize the most trustful ones. Furthermore, since normalization is very sensitive to min and max values, it is very helpful to discard unlikely hypothesis. These concern land-mark positions for which boundary voxel intensity has an outlicr value regarding the current inner segment voxels. Also, when outliers are in majority beyond an hypothesis h, or when a "wall" of 3 consecutive outliers is found -too much for an occasional artifact, we consider we certainly left the inner structure area and discard upcoming hypothe- The required statistical shape model is built automatically and w i l l be soon used in conjunction with our suitable intensity model to achieve segmentation results [3] . With the help of praticians, a larger validation campaign is eventually planned.
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